Finding the most suitable transport project is one of the most important tasks of transport planning. This task gets more complicated as the sustainable criteria get involved. In this paper, a new method of multi-criteria group decision-making with unknown attribute and expert weights is proposed to address the sustainable transport investment selection problem. To make the method more powerful in dealing with uncertain elements, an Interval-Valued Pythagorean Fuzzy (IVPF) set is used as a useful tool to handle uncertainty. First, a generalized entropy measure under an IVPF environment is introduced, which enables the method to determine the fuzziness of the attribute values, which are expressed by Interval-Valued Pythagorean Fuzzy Numbers (IVPFNs). To determine the fuzziness of IVPFNs with identical membership and nonmembership degrees, a generalized knowledge measure of the IVPFNs is also introduced. Based on this measure and considering the deviation among attribute assessments, a new optimization model is presented to obtain unknown attribute weights. In addition, based on the extension of the VIKOR method, a novel algorithm is introduced to determine the unknown expert weights. Finally, to show the efficiency of the proposed methods a real case study is considered. Technology where he taught several graduate and under graduate courses, supervised 8 PhD and more than 65 master students. Prof. Hashemi's area of research includes Graph Theory and Applications, Algorithm and Complexity, Network and Combinatorial Optimization, Operation Research, and Transportation Systems, in which he has published more than 150 peer reviewed journal and conference papers presented nationally and internationally. Hashemi was involved in several industrial projects including design and managing the enterprise application safety systems, designing integrated public transportation network for Tehran, introducing the BRT system in collaboration with ITDP (Institute for Transportation and Development) and Iranian national ITS Architecture. Prof. Hashemi has held various academic positions including Dean of He has obtained the outstanding rank as the top 1% scientist and researcher in the world elite 32 group since 2014. He has published 4 books, 23 book chapters, and more than 1000 journal and conference papers.
Introduction
Sustainable transportation is one of the most widely debated concepts in transportation. Sustainable transportation may be referred to as a kind of transportation that allows the movement of goods and people by modalities that are sustainable from a social, economic and environmental perspective [1] . Awasthi et al. [2] classified the commonly used approaches for sustainability evaluation of transportation decision making in eight categories. One of them is the multi-criteria decision making (MCDM). It is the preferred technique for problems with contradictory objectives and since three 2 pillars of sustainability with their own measurement units can be involved in the process, it is reliable for sustainable transportation decisions [3] . Despite considering MCDM methods as the most common approaches of sustainable transportation assessment [4] , when addressing uncertainty and impreciseness, they seem inadequate. In fact, all of the decisions that address transportation are mostly made under vague and uncertain situations. Since hard computing based MCDM methods are not able to effectively handle the ambiguities and uncertainties that transport decision-makers' face, sophisticated approaches are needed.
A variety of MCDM methods have been presented to handle a sustainable transportation evaluation problem under uncertainty [5] [6] [7] [8] [9] [10] [11] . Despite all the efforts to model the uncertainty of a sustainable transportation evaluation problem in MCDM methods, most of them were based on classical fuzzy sets. In fact, there are few studies in the literature concerning sustainable transportation evaluation by using an extension of classical fuzzy sets (FSs) [12] [13] [14] [15] [16] . There is no any research carried out to discuss the problem by utilizing the Interval-Valued Pythagorean Fuzzy Set (IVPFS). Therefore, there is a need to investigate more effective mathematical methods by using these advanced uncertainty modeling tools to better handle sustainable transportation evaluation problems of high uncertainty.
A comparison between the different types of FSs is done by reviewing the definitions and basic properties of them. Fig. 1 illustrates the development logic of FSs. As shown in this figure, IVPFSs have the enormous ability and flexibility in expressing the ambiguous data in real-world problems [17] . Consequently, this paper applies IVPFSs, to solve the sustainable transport investment selection problem, as an MCGDM problem, with unknown expert and attribute weights.
{Please insert Fig. 1 about here.} Generally, expert and attribute weighting methods can be mentioned as two important parts of the MCGDM process [18] . According to the information gathered about weighting approaches for MCGDM, they can be classified as objective and subjective approaches [19] . Most current related researches are conducted to study MCGDM in a fuzzy environment integrating subjective weighting approaches [20] [21] [22] [23] . Comparatively, there are still only a few studies on the development of objective weighting approaches in traditional MCGDM to fuzzy environments, such as deviation functions [24] and fuzzy entropies [25, 26] . On the other hand, the existent objective weighting approaches in fuzzy environments only focused on the divergence of attribute assessments from the fuzziest number in the relevant environment but neglecting the deviation among attribute assessments or vice versa. Hence, it is important to investigate suitable methods to derive objective attribute weights in fuzzy environments that simultaneously consider the divergence of attribute evaluation from the fuzziest number and the deviation between attribute evaluations, particularly in the IVPF environment. So, firstly, generalized entropy measure for IVPFSs is introduced to enable 3 us to consider the divergence of attribute assessments from the fuzziest number in the IVPF environment. In order to better distinguish the fuzziness of IVPFNs in cases, whose non-membership and membership degrees of IVPFNs are identical, a generalized knowledge measure of IVPFNs is proposed. Moreover, based on the generalized knowledge measure and the deviation between attribute assessments, a new optimization method is introduced. The proposed model comprehensively utilizes all the available information of decision preferences to objectively compute the weights of unknown criteria as a very crucial component of MCGDM problems. The method is then developed to be applied in situations, in which the information about the attribute weights is incomplete.
There is another strong need in the MCGDM process to show the different influential saliencies of the DMs [27] ; therefore, an expert weighting is also essential to MCGDM under the IVPF uncertainty. Qi et al. [28] reviewed the methods that address the weights of the DMs in MCGDM problems. Despite the fact that the existing methods have had contributions to consider the different influential saliencies of the DMs effectively, to the best of our knowledge, there is no any study that investigates methods to compute the weights of experts objectively through the extension of VIKOR method, proposed by Opricovic [29] .
In sums, the novelties of this study are explained as follows: 1. For the first time in the literature, an IVPFS as one of the most powerful tools in dealing with uncertainty is applied to increase the flexibility and ability to express and calculating the uncertainty in a transportation project evaluation problem.
A new MCGDM method with unknown attribute and expert weights is
proposed under the IVPF environment to evaluate and rank a sustainable transport project. 3. A novel ranking index is defined to derive the ranks of the alternatives by applying a new weight of the strategy of the majority of criteria. The index is transparent and simple to use. 4. The concept of entropy and knowledge measure are introduced under an IVPF environment to address the weights of unknown criteria. To utilize all the available information in decision preferences and create a more comprehensive weighting approach, a new optimization method is proposed that simultaneously considers the deviation between attribute assessments and knowledge measure. This optimization model then extended to be applied in decision makings with incomplete attribute weighting data. 5. A novel algorithm is proposed to objectively determine the weights of each DM in the IVPS environment based on the extension of the VIKOR method. The rest of this paper is structured as follows. In Section 2, preliminary knowledge of IVPSs is described. In Section 3, generalized measures for IVPFSs are introduced. An MCGDM problem under the IVPF environment is initially developed in Section 4. In Subsection 4.1, a novel programming model is established to objectively obtain unknown and incomplete attribute weights. In Sub-section 4.2, a new algorithm is proposed to objectively determine the weights of each expert in the IVPS environment based on the extension of the VIKOR method. An integrating method of afore proposed methods for MCGDM in IVPF environments is presented in Sub-section 4.3. In Section 5, a method is used in a real case study, and the results are presented and discussed. Eventually, the conclusions of this paper are presented in Section 6.
Preliminaries
be the set of all closed subintervals of   0,1 . Let X denote a universe of discourse [30] . An IVPFS P in X is given by: 
as a collection of IVPFNs. Then it is possible to call the function : ΩΩ n w IPFWA  an interval-valued Pythagorean fuzzy weighted averaging operator [32] . This is defined by:   6 Fuzziness is known as a feature of imperfect knowledge and the lack of clear distinction between the elements that are and are not members of a set. The fuzziness measure is mostly applied and cited in the literature as the entropy [33] . Here we propose the measure of fuzziness for IVPFSs. To this end, the entropy measure proposed by Szmidt and Kacprzyk [33] is generalized into the IVPF environment. The proposed entropy is the result of the division of distances to the nearest and to the farthest crisp elements.
Generalized entropy and knowledge measures for IVPFSs
EP is a real-valued function. It is referred to as an entropy measure of P if it satisfies the following axioms:
1. have the equal entropy value although the later value has no information and in the former value, positive information is the same as negative information. The properly defined entropy measure should correctly differentiate these cases based on the amount of knowledge that is useful from the viewpoint of decision making. In this regard, we generalize an interesting measure of knowledge, introduced by Szmidt et al. [34] , considering both entropy measure and hesitation margin to capture the amount of knowledge involved in IVPFSs as follows: 
The proofs are straightforward.
New IVPF-MCGDM approach with unknown expert and attribute weights for selecting the best sustainable transport project to fund
This part initially develops an MCGDM problem under IVPF uncertainty. In the following, an extended form of VIKOR method is proposed for determining the weights of the DMs. Then, the maximizing deviation model that is aggregated with knowledge measure, as a measure of credibility of IVPFNs, is proposed to distinguish the weights of criteria. With regards to the weights of criteria and the weights of the DMs, an aggregated method is developed to select the best sustainable transport project to fund among a number of candidates.
Problem formulation
Assume an MCGDM problem that is under IVPF uncertainty; let 
As a matter 8 of fact, in real-world problems for MCGDM, attribute and expert weighting data can be computed in advance. Because of factors (e.g., time pressure, lack of enough knowledge and vagueness of real-world problems in group settings) data about attribute and expert weights are often totally unknown or at least they are not totally known. In this paper, it is assumed that the criteria weights are totally unknown or partially known beforehand, and the experts' weights are totally unknown.
The expert k e uses the IVPFN k ij  to show the criterion value of alternative i A while addressing the criterion j C . Therefore, it is possible to address the MCGDM problem with IVPFNs exactly by applying the IVPF decision matrix as follows: 
Developed IVPF-method for computing the weights of the DMs
In this section, a new method to compute the DMs' weights is developed.
Step A: IVPFNs form is applied to express each DM's preferences over alternatives with respect to attributes, it should be noted that the information concerning the decision is presented as a matrix, Ψ k .
Step B: Determine the positive ideal decision matrix (PID) and the negative ideal decision matrices (NIDs). Considering a PID as the best group decision.
 .
An NID of all individual decisions needs to have the maximum separation from the PID. As a result, the minimum decision of all individual decisions is computed as an NID as follows: Similarly, the complement   Ψ  of Ψ  needs to have the maximum separation from the PID, Ψ  . Consequently, another NID has to be assumed.
Step Step D: compute the values
where min , max Step E: Calculate the weight of all DMs based on the k Q . The weight of the k-th   kT  DM can be obtained by:
Developed IVPF-method for computing the criteria weights
In the decision-making process, if one attribute is known to have similar assessment values among candidates, it should be given a smaller value for the weight; otherwise, the attribute that causes bigger deviations has to be evaluated with a larger weight, in contrary to its amount of importance [24] . To do so, an optimal model (M_1) is applied that maximizes all deviation values for all the criteria to choose the weight vector k w . This is carried out as follows:
It should be noted that this deviation-based model for evaluating weights of attributes only considers the discrimination of assessments. The credibility of fuzzy assessments in the decision matrix is neglected. A knowledge measure of IVPFNs can be applied to comprehensively consider the credibility of the decision preference in the process of allocating attribute weights more reasonably. Hence, the following model is constructed by integrating the knowledge measure in (M_1) for determining the weights of attributes if the information concerning them is totally unknown:
By solving the proposed model, we can construct the linguistic function:
where is a linguistic multiplier. 
By solving Eq. (23), an exact relation to compute the normalized attribute weights is obtained and presented by:
We can construct another model for calculating an optimal attribute weighting vector in situations, in which the DMs can provide incomplete attribute weighting information, as follows:
H indicates the incomplete attribute weighting information. The known weight information on the criteria is categorized into five basic ranking form as presented in [35] .
Model ( 
Integrated approach for the IVPF-MCGDM method
In this sub-section, an effective approach to solve MCGDM problems under the IVPF environment is structured based on an extension of the VIKOR method.
Step 1: If the expert k e has totally unknown information about the attribute weights, then the attribute weights are gathered through solving the model (M_2) and applying Eq. (24), whereas, if the information concerning the attribute weights for the expert k e is not completely unknown and in fact is partially known, the model (M_3) is solved to compute the weight vector of attributes 
Step 5: Form the normalized decision matrix of the IVPF overall performance by following the presented approach. Categorize the attributes set in two main groups, called as the groups of benefit and cost that are presented by B and C , respectively.
 
; Step 7: Defuzzify the values of i S and i R by using the improved accuracy function introduced in Definition 2.
Step 8: Calculate the values of i Q by:
 is used to present the weight of the strategy of the majority that is considered to be and In the developed ranking index, the values of
are determined by the distances RR   and SS   . The main advantage of the proposed method is simple and there is no need to calculate the  value of the traditional VIKOR method for all cases.
Step 9: Rank the alternatives by sorting the values of i Q in decreasing order.
The structure of the proposed IVPF-MCGDM method is depicted in Fig. 2 .
Case study
In this section, the proposed approach is implemented in a real case study of an Iranian transport complex to show the applicability in solving sustainable transport investment decision problems. To address the issue, a group of three decision makers is found to evaluate four alternative transport investments under ten main criteria. The criteria used for evaluation are based on a comprehensive review of some of the recent studies on this subject [36] [37] . Therefore, Table 1 Assuming that the experts' weight vectors and the criteria weights are totally unknown, the evaluated value of candidates while considering criteria are directly provided by judgments of experts. This judgment is in the form of linguistic assessments presented in Table 2 . Then, the linguistic variables presented in this table are converted 14 into IVPFSs. This is done to address the uncertainty of criteria values with more flexibility. It should be noted that the aforementioned converted values are displayed in Table 2. {Please insert Table 2 about here.}   Tables 3 to 5 provide the decision matrices of the evaluation problem. It should be noted that the evaluation criteria are stated as benefit or cost criteria. The benefit criteria consist of 1 C , In situations with completely unknown information about attributes' weights and weight vector of experts, the decision steps can be detailed as follows:
Step 1: Determine the weights of attributes in each DM's individual interval-valued Pythagorean fuzzy decision matrices. We utilize the model (M_2) and Eq. (24) 
 
Step 4: Construct the overall group IVPF decision matrix. We aggregate the weighted IVPF decision matrices k  to determine the overall group decision matrix  as shown in Table 9 .
Step 5: The normalized IVPF overall performance decision matrix is computed. Since all the attributes with the exception of 2 C are of the benefit type, then their rating values do not need normalization. The results of normalizing the IVPF overall performance decision matrix for 2 C are displayed in Table 10 .
Step 6: Values i S and i R are computed as displayed in Table 11 .
Step 7: Defuzzify the values of i S and i R as displayed in Table 12 .
Step 8: Compute the values i Q as displayed in Table 13 .
Step 9: Rank the alternatives by sorting the values i Q in decreasing order.
{Please insert Table 9 A A A A To test the robustness of the model, parameters  and v are changed. As shown in Table 14 , the ranking stays intact. The results show that project 1 A has the best ranking. Then, projects A have the best outcomes, respectively. Another sensitivity analysis is done to represent the impact of the experts' and attributes' weights in the ranking of the alternatives. In this case, the weights of the DMs and attributes are changed to represent that different weights can be affected on the final results or not. The analysis indicates that changing the weights leads to different ranking results. On the other hand, it shows that the proposed method is more sensitive to the experts' weights than the weights of attributes. The computational results of the second sensitivity analysis are reported in Table 15 .
{Please insert Table 14 about here.}  {Please insert Table 15 about here.} In order to validate the obtained results, the decision method of Ashtiani et al. [38] is utilized to evaluate the alternatives. The results are presented in Table 16 . It can be observed that the best and the worst alternatives remain the same. However, the presented method has several advantages in comparison with the method of Ashtiani et al. [38] : (1) the developed method applies Interval-Valued Pythagorean Fuzzy Set (IVPFS), one of the most powerful tools in dealing with uncertainty, to increase the 16 flexibility and ability of expressing and calculating the uncertainty in the decision problem; (2) the DMs are given a weight objectively based on the compromise solution method; and (3) the method uses an optimization model that simultaneously considers the deviation between attribute assessments and knowledge measure to address the weights of unknown criteria. This model utilizes all the available information in decision preferences and creates a comprehensive weighting approach.
{Please insert Table 16 about here.}
Conclusion
In this paper, a new decision-making approach was introduced that used IVPFSs to model uncertainty in the sustainable transport investment selection problem. The model was based on the concept of maximizing the divergence of attribute evaluation from the fuzziest number in IVPFSs and the deviation between attribute evaluations to handle the weight of criteria used in the selection process. Moreover, an extended form of the VIKOR method was introduced to determine the weight of the DMs based on positive and negative ideal solutions. To illustrate the applicability of the proposed approach, real data from an Iranian transport complex firm was applied. The results were presented, and the sensitivity analysis of the parameters of the model was done. For further research, extending the developed method to support a higher degree of uncertainty in modeling will be an interesting idea. For instance, an application of the interval-valued Pythagorean hesitant fuzzy set will also allow incorporating additional knowledge about uncertainty in the decision-making process. The presented method can also be improved by applying other weighting methods, which will not only rely upon the available information of decision preferences but also on the judgments of the DMs. In other words, developing new approaches to aggregate the subjective and objective weights of the criteria and DMs, regarding the recent studies [39] [40] [41] [42] [43] [44] , is another interesting research direction. List of table captions   Table 1 . Criteria evaluation Table 2 . Linguistic terms used to assess the alternatives [30] Table 9 . IVPF overall performance decision matrix Table 10 . Normalized IVPF overall performance decision matrix for Table 3 . Obtained judgments of Table 5 . Obtained judgments of 
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